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ABSTRACT 
Forecasting changes in level of the reservoir are important in Construction, design and estimate the volume of 
reservoirs and also in managing of supplying water. In this study, we have used different models such as Artificial 
Neutral Network (ANN), Adaptive Neuro Fuzzy Inference System (ANFIS) and Cuckoo Optimization Algorithm 
(COA) for forecasting fluctuations in water level of Chahnimeh reservoirs in south-east of Iran. For this purpose, we 
applied three most important variables in water levels of the reservoir including evaporation, wind speed and daily 
temperature average to prepare the best entering variables for models. In addition, none accuracy of error in 
estimation of hydrologic variables and none assurance of exiting models are the result of their sensitivity to the 
educational complex for teaching of models and also preliminary decoration before beginning general education has 
been estimated. After comparing exiting and confidence interval of the ANN and ANFIS has been found that the 
result of ANFIS model is better described than other model because it was more accurate and does have lesser 
assurance.  
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INTRODUCTION 
Behavior modeling of water level fluctuation in lake 
and reservoir is required for planning and designing 
hydraulic structure in beaches. Unnatural changes in 
surface level are due to changes in complicated 
factors and interaction in which is influential on lake 
water budget and reservoir. In many researches, 
researcher has estimated water level by the aid of 
water equilibrium level in which these changes are 
related to lake level and reservoir and basic section of 
water equilibrium.  
Forecasting of water levels in reservoirs in different 
time series by using the past recorded data are an 
important problem in planning a water reservoir. 
Changes in their level are the result of so many 
environmental factors like raining, direct and indirect 
flood water of adjoining aquifers, free water 
evaporation, climate temperature and interaction 
among lakes, reservoir and low level eras [1-3].  
Adaptive Neuro Fuzzy Inference System (ANFIS) 
recognized collection of parameters through learning 
composite rule including gradient fall error inverted 
spreading and square quantity error method. Chang 
and Chang [3] have applied fuzzy-nerve methods for 
forecasting water level in resource. Chang and Chen 
[4] has applied one method of modeling fuzzy neuro- 
network of none inverted spreading for forecasting 
real-time of lake flow.  
Hong and White [6] have introduced a local system 
of neuro- fuzzy for modeling complicated water 
recognition models. Kazeminezhad and et al.[8] have 
applied for ANFIS for forecasting wave parameters 
in Ontario Lake and has found ANFIS is better than 
manual beach engineering. Keskin and et al. [9] has 
used of fuzzy models for assessment lake evaporation 
in the west of Turkey.  
Moghadamnia [10] has determined ANFIS method 
capability for improving daily evaporation precision. 
The aim purpose of this study is providing a way to 
study and simulation of daily balance fluctuations of 
Chahnimeh reservoirs using artificial intelligence 
methods. 
 
MATERIALS AND METHODS 
Applied data 
We have used of recorded data of water level of 
Chahnimeh reservoirs in this study. Related 
information of selected stations was obtained from 
Sistan and Balouchestan local water organization. 
Chahnimeh stations are along with Zabol Chahnimeh 
reservoirs 30º 40´ of 30º 50´north and geographical 
latitude of 61º 40´to 61º 49´in the East in which has 
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shown in Fig. 1. Location of Chahnimeh reservoirs is characterized with numbers of 1 to 4. 
 
Fig. 1: Sistan plain and location of the Chahnimeh reservoirs 
Data samples included daily water level of reservoirs 
in 4 years (2007-2011) for any model was selected 
and applied. We have used for the first three years 
information (1095 daily levels) and the next year 
information (daily level 265) for education and 
testing of models, respectively. Table. 1 shows 
statistical parameters of applied data on the studied 
times. 
Table1: The statistic parameters of applied data Chahnimeh stations 
Station Data set Unit Xmean Sx 
Cv 
Xmin Xmax 
Correlation 
(Sx/Xmean) With Level 
Chahnimeh 
T ˚C 23.2 10.2 0.74 -3.9 40.3 0.64 
Ud km/day 12.5 6.4 0.51 0 32 0.55 
Ea mm/day 12.4 9.2 0.49 0 35 0.4 
Level mm 488.6 1.9 0.004 484.83 492.5 1 
In this table Xmean, Sx, Cv, Xmax and Xmin are the 
mean, standard deviation, change constantly, data 
maximum and minimum. Partial moisture almost is 
more than 40%. Temperature is the most important 
factor that influenced the water level. In this 
investigation more than 70% of recorded temperature 
was 27
o C
. Correlation coefficients of this parameter 
are 0.64 by water level equilibrium. After 
temperature parameter, evaporation from basin and 
wind speed has had the most effect on water level 
equilibrium in which its correlation coefficient is 
0.55 and 0.4, respectively. 
Artificial Neural Network 
The ANN is an evolving technique and progresses 
still being made with this technique. It includes two 
or three neuron layers to process nonlinear signals. 
Entering layer has accepted entering information in 
which has been processed by hidden layers. On 
learning duration, middle joining weight and nerves 
bays has been adjusted repeatedly to reach the error 
to the least. In a recent study, we have used of 
perused network layer by one sigmoid transmission 
function in the hidden layer and linear transmission 
function in exit layers. 
Adaptive Neuro-Fuzzy Inference System 
(ANFIS) 
ANFIS have had different application in different 
eras. ANFIS is five-layers model in which has been 
introduced by combining fuzzy rational model and 
artificial neuro-system (Fig. 2). 
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Fig. 2: The structure of an ANFIS net 
Result evaluation 
For comparison of simulation result and forecasted 
by artificial intelligence and statistic models, we have 
used of error square mean root and error deviation 
mean measures. 
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N is the number of points, )(0 ixZ estimated 
amount, )( ixZ and real amount of z variable in 
ix  point.  
Cuckoo Optimization Algorithm (COA) 
The naming of Cuckoo Optimization Algorithm 
(COA) model is inspired from a bird family, called 
Cuckoo. The basic steps of the COA can be 
summarized as the pseudo code, as follows (Fig. 3) 
When producing new solutions xi (t+1) for the i
th
 
cuckoo, the following Levy flight is applied  
Xi (t+1) = Xi (t) +∝  Levy (λ),           (4) 
Where ∝> 0 is the step size. The product    
expressed entry-wise multiplications [11-13]. In this 
study, a Levy flight that distributed according to the 
following probability distribution was applied. 
Levy u = t
-λ, 1< λ≤ 3         (5) 
 
 
Fig.3: Flowchart of cuckoo optimization algorithm 
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RESULTS 
ANN models 
The object of this study is providing 1, 2 and 3-day 
for forecasting of water level of reservoir’s 
fluctuation by ANN (Fig.4) and ANFIS models (Fig 
5). Data correlation has been applied for selecting 
accurate entering vector. Auto-correlation and part 
self-correlation statistic and confidence yields 95% 
has been estimated from 0 to 10 delays for time series 
of daily reservoir level.  
By considering correlation analysis, entering data 
composition would be evaluated (Table 2): 
 𝑖 𝐿𝑖  
 𝑖𝑖 𝐿𝑖−1 𝑎𝑛𝑑 𝐿𝑖  
 𝑖𝑖𝑖 𝐿𝑖−2, 𝐿𝑖−1  𝑎𝑛𝑑 𝐿𝑖  
Table 2:  Validation statistics of ANN models. 
Model inputs ANN structure 
(input–hidden-output) 
R2 RMSE(m) MAE(m) 
+1day prediction     
Li 1-4-1 0.989 0.078 0.046 
Li-1 ,Li 2-8-1 0.988 0.06 0.038 
Li-2, Li-1, Li 3-9-1 0.991 0.055 0.033 
+2day prediction     
Li 1-3-1 0.988 0.078 0.046 
Li-1 ,Li 2-8-1 0.980 0.083 0.061 
Li-2, Li-1, Li 3-4-1 0.983 0.080 0.058 
+3day prediction     
Li 1-4-1 0.973 0.13 0.08 
Li-1 ,Li 2-9-1 0.977 0.095 0.073 
Li-2, Li-1, Li 3-4-1 0.978 0.089 0.070 
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Fig. 4: Observed and simulated levels reservoirs of optimal ANN models during the validation period for: (a) 1-day ahead, (b) 2-
day ahead, and (c) 3-day ahead predictions 
ANFIS models 
For a collection of entry-exit data like forecasting 
lake levels by the aid of the registered amount of 
reservoir level, we could apply different exploration 
methods of sugeno model. In this regard, recently 
studied results showed exploration type method does 
not have any influence on results [14-17]. Therefore, 
we have applied network partition for making neuro-
fuzzy model in this study. When we specified the 
best entering composition (ANN model) has been 
used for analyzing sensitivity influence of Mf types 
of entering variables. Table 3 shows different types 
of ANFIS MFs and Table 4 shows validation 
statistics of ANFIS models. Fig. 5 shows observed and 
simulated levels reservoirs of optimal ANFIS models 
during the validation period for 1-day, 2-day and 3-day 
ahead predictions. 
Table 3: Different types of ANFIS MFs 
Type of MFs ANFIS structure R2 RMSE(m) MAE(m) 
Triangular 3-3-1 0981 0.066 0.042 
Two Gaussian  3-6-1 0.976 0.093 0.052 
Gaussian  3-6-1 0.989 0.053 0.028 
Spherical 3-3-1 0.979 0.081 0.046 
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Table 4: Validation statistics of ANFIS models. 
Model inputs ANN structure 
(input–hidden-output) 
R2 RMSE(m) MAE(m) 
+1day prediction     
Li 1-4-1 0.978 0.053 0.03 
Li-1 ,Li 2-8-1 0.988 0.052 0.028 
Li-2, Li-1, Li 3-9-1 0.991 0.048 0.024 
+2day prediction     
Li 1-3-1 0.978 0.056 0.034 
Li-1 ,Li 2-8-1 0.980 0.053 0.032 
Li-2, Li-1, Li 3-4-1 0.983 0.049 0.023 
+3day prediction     
Li 1-4-1 0.984 0.075 0.044 
Li-1 ,Li 2-9-1 0.978 0.070 0.041 
Li-2, Li-1, Li  3-4-1  0.980 0.065 0.039 
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Fig.5: Observed and simulated levels reservoirs of optimal ANFIS models during the validation period for: (a) 1-day ahead, (b) 
2-day ahead, and (c) 3-day ahead predictions 
Optimization of Cuckoo Optimization Algorithm 
(COA) 
The Meta-Heuristic algorithms are very sensitive for 
their parameters and the setting of the parameters can 
affect their efficiency. Parameters settings cause 
more reliability and flexibility of the algorithm. So, 
adjustments of the factors are one of the crucial steps 
in achieving the optimized solution in all 
optimization problems. Table. 5 showed the selected 
parameters for COA algorithm. Fig. 6 shows Observed 
and simulated levels reservoirs of optimal ANN+COA 
models during the validation period for 1-day, 2-day and 3-
day ahead. Table 6 shows validation statistics of 
ANN+COA models. 
 
 
Table 5: Parameters settings for COA algorithm 
Max number of eggs Min number of eggs 
Number of 
Initial 
population 
Higher 
limitation of 
variable 
Lower 
limitation of 
variable 
14 3 40 6 -5 
Population variance 
that cuts the 
optimization 
Control parameter of egg 
laying (RadiusCoeff) 
Max umber of 
cuckoos 
Lambda variable 
(Motion Coeff) 
Number of 
clusters 
1e-13 4 20 14 1 
 
Table 6: Validation statistics of ANN+COA models 
Model inputs R2 RMSE(m) MAE(m) 
+1day prediction    
Li 0.975 0.061 0.04 
Li-1 ,Li 0.98 0.059 0.030 
Li-2, Li-1, Li 0.98 0.055 0.025 
+2day prediction    
Li 0.97 0.064 0.031 
Li-1 ,Li 0.96 0.060 0.030 
Li-2, Li-1, Li 0.96 0.060 0.027 
+3day prediction    
Li 0.95 0.086 0.043 
Li-1 ,Li 0.95 0.079 0.040 
Li-2, Li-1, Li 0.94 0.071 0.038 
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Fig. 6: Observed and simulated levels reservoirs of optimal ANN+COA models during the validation period for: (a) 1-day ahead 
and (b) 2-day ahead and 3-days ahead 
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DISCUSSION 
Normalizing data does have important role in 
improving performance, since number limit is 
different in different variables, before applying ANN 
model. We have approved it. if (z) was time series 
and 
 )(max tZM
t

,
)(tZ N  is normalize signal 
and  would be indicated by 
M
tZ
tZ N
)(
)( 
                                              (6) 
Table. 2 and Fig. 4 showed the result of evaluating 
nerve-network model forecasting for water level of 
reservoir in 1, 2, and 3 next days. 
We have determined membership function limit and 
has listed in Table 3. Second column of the table 
shows the number of entering variables’ MF. There is 
no rule for determining the number of Mf in ANFIS 
model and should be selected by repeated procedure. 
It is clear, triangular MF, Gucci and Bell generalized 
are better than other Mf. However, triangular 
membership function has provided the best result 
among all MF. The result of Russel and cambell [18] 
showed application of MF. Any ANFIS model 
(Gucci membership function application) test statistic 
has been provided in the Table. 4. Fig. 4 has shown 
the observed level and reservoir simulated (by the aid 
of ANFIS model three entries) in the test duration. 
ANFIS model has provided three entries like ANN 
models and the best result among other composition. 
Also, increasing time interval leads to decrease 
models precision. Comparison between Tables 2 and 
4 showed ANFIS models are better than ANN, but 
the difference among the two methods is not high.  
Recently, applying artificial intelligence as feasible 
instrument for modeling complicated nonlinear 
phenomenon has been accepted and developed. In 
this regard, the method of artificial nervous network 
and neuro phase inference system has been applied 
broadly. In recent studies, we have used of Artificial 
Neutral Network (ANN) capabilities in modeling 
water resource variables [19]. 
Jain and et al. [20] have used of ANN for forecasting 
inner pouring of the water reservoir and its 
performance. More and Deo [21] has used of ANN 
for forecasting wind. Makarynska and Makarynsky 
[22] has used of ANN for forecasting hourly changes 
in sea level by error times of 1-5 days. Cimon and 
Kisi [23] have used of ANN, AVM for modeling lake 
level fluctuations.  
ANFIS is composed of comparatively nervous 
system and phase inference system. Phase inference 
system is determined by learning NN algorithm. 
Because this system is based on phase system 
inference has reflected outstanding knowledge and 
one important aspect is to interpret by if-then rule. 
ANFIS could estimate any function on compressed 
complex by any exactness degree [24]. 
 
CONCLUSION 
The potential of the three different methods, ANN, 
ANFIS and ANN+COA has been investigated in this 
paper for estimation of reservoir level using climatic 
variables. The daily climatic data, air temperature, 
sunshine, humidity and wind speed, from Chahnimeh 
Zabol station, in Iran were applied as inputs to these 
models. Forecasting reservoir fluctuation level is very 
important in designing and making the sea beach 
structure and reservoir, industrial operation and also 
managing water reservoir integration. In this study, 
semi-well reservoir level observation for education 
and testing ANN, ANFIS models have been used. 
ANN, ANFIS and ANN+COA models has been used 
for daily forecasting of reservoir level in three-time 
series. This has created qualified forecasting in the 
all-time series. Provided result has shown models 
capability in educating nonlinear behavior of 
reservoir level changes in RMSE, R2, MAE. Results 
showed that neuro-fuzzy superiority on nerve 
network models and in general forecasting for the 
two models was good. Its cause is good quality and 
high auto-correlation in reservoir level data. 
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